Volume and boundary acoustic backscatter envelope fluctuations are characterized from data collected by the Toroidal Volume Search Sonar ͑TVSS͒, a 68 kHz cylindrical array capable of 360°m ultibeam imaging in the vertical plane perpendicular to its axis. The data are processed to form acoustic backscatter images of the seafloor, sea surface, and horizontal and vertical planes in the volume, which are used to attribute nonhomogeneous spatial distributions of zooplankton, fish, bubbles and bubble clouds, and multiple boundary interactions to the observed backscatter amplitude statistics. Three component Rayleigh mixture probability distribution functions ͑PDFs͒ provided the best fit to the empirical distribution functions of seafloor acoustic backscatter. Sea surface and near-surface volume acoustic backscatter PDFs are better described by Rayleigh mixture or log-normal distributions, with the high density portion of the distributions arising from boundary reverberation, and the tails arising from nonhomogeneously distributed scatterers such as bubbles, fish, and zooplankton. PDF fits to the volume and near-surface acoustic backscatter data are poor compared to PDF fits to the boundary backscatter, suggesting that these data may be better described by mixture distributions with component densities from different parametric families. For active sonar target detection, the results demonstrate that threshold detectors which assume Rayleigh distributed envelope fluctuations will experience significantly higher false alarm rates in shallow water environments which are influenced by near-surface microbubbles, aggregations of zooplankton and fish, and boundary reverberation.
I. INTRODUCTION
Validating statistical reverberation models is difficult because reverberation fluctuations are so strongly influenced by the sonar's beam pattern and spatial distribution of scatterers. [1] [2] [3] [4] [5] [6] The former is usually known through system calibration, but the latter is more difficult to characterize. Acoustic and optical imaging methods have been used for this purpose, mostly for studies of the seafloor, [7] [8] [9] although some studies of the volume 10 and sea surface 11 have been performed. To the best of our knowledge, no such study has been conducted as a function of angle with a high resolution multibeam sonar measuring simultaneously seafloor, sea surface, and volume acoustic backscatter and reverberation. Such a study is warranted because rarely can reverberation be considered a single component process. Here, ''single component scattering process'' refers to a process dominated by acoustic backscatter from one type of scatterer, such as the sea floor, whereas ''two-component scattering process'' refers to a process dominated by acoustic backscatter from two types of scatterers, such as both boundaries, or a single boundary and biologic scatterers in the volume. Similarly, a three-component process refers to a process dominated by three types of scatterers, such as both boundaries and nearsurface bubbles, etc.
A recent study of seafloor reverberation process was performed by Lyons and Abraham, 7 who found the threecomponent Rayleigh mixture distribution to be the most robust in describing observed fluctuations in seafloor acoustic backscatter amplitude data from a wide variety of seafloor types identified with optical and in situ sampling techniques. Here, we perform a similar study, but add to their results by ͑1͒ also including the log-normal probability distribution in the model-data comparisons, ͑2͒ analyzing data collected on a moving platform, thereby incorporating the influence of spatial variability on the backscatter amplitude fluctuations, ͑3͒ analyzing data from both boundaries and the volume, and ͑4͒ using coincident multibeam acoustic backscatter imagery to link the spatial distributions of various scatterers to the observed fluctuation statistics.
The data used in this study were collected by the Toroidal Volume Search Sonar ͑TVSS͒, a 68 kHz cylindrical array which was deployed on a towfish at a depth of 78 m in waters 200 m deep, 735 m astern of a towship during engineering tests conducted by the U.S. Navy's Coastal System Station ͑CSS͒, Panama City, Florida ͑Fig. 1͒. The multibeam acoustic data collected by the TVSS were processed to construct boundary 12, 13 and volume 14 acoustic backscattering strength images in horizontal and vertical planes around the towfish ͑Fig. 2͒. Here, we examine the statistics of, and fit probability distributions to the backscatter amplitudes corresponding to these data. The multibeam acoustic backscatter imagery provides the means for discriminating between varia͒ ous reverberation components and directly attributing nonhomogeneous spatial distributions of scatterers, such as bubbles, zooplankton, and multiple boundary interactions to non-Rayleigh backscatter amplitude distributions.
A useful model for understanding the statistical properties of acoustic reverberation is the point scattering model, [15] [16] [17] [18] [19] [20] which assumes that the total backscattered signal is the sum of n replicas of the transmitted signal s(t) backscattered from a homogeneous distribution of point reflectors where t i is the time of arrival from the ith scatterer, a i is the stochastic amplitude which corresponds to that scatterer's acoustic cross section, B(t i ) describes the sonar's acoustic geometry and gain, and i is a set of stochastic parameters defining the characteristics of the scattered signals, which may depend upon the relative motion between the acoustic array and the scatterers, their physical properties, and their spatial distribution. In general, F(t) will fluctuate around some time-varying mean value, and the quadrature components of the fluctuating part may be expressed as 16 
V I,Q ͑ t ͒ϭF͑ t ͒/g͑ t ͒, ͑2͒
where g(t) is the transient function whose reciprocal transforms the nonstationary reverberation sum in Eq. ͑1͒ to the stationary form V I,Q (t). This fluctuating signal, and its corresponding envelope are important because their probability density functions ͑PDFs͒ are used as the noise models against which target detection algorithms must operate. 21 The model in ͑1͒ and ͑2͒ assumes that the number n is governed by a Poisson distribution, where the scatterers producing the resulting reverberation are discrete, statistically independent in position, and homogeneously distributed within the sonar's resolution cell. If the number of scatterers in a single resolution cell is very large, and their scattering coefficient distribution (a i ) is such that no small number of them contributes significantly to the reverberation energy, application of the central limit theorem results in a Gaussian distribution for V I,Q (t), with a Rayleigh distributed envelope and uniformly distributed phase.
In typical shallow water environments, the distributions of scatterers can rarely be assumed to be homogeneous, and different types of scatterers distributed on different spatial scales tend to produce more extreme reverberation values, depending upon the density of scatterers relative to the sonar's resolution cell size. For envelope fluctuation distributions, these may appear as multiple modes and/or large tails, deviating significantly from the traditional Rayleigh PDF. 7, 8, [22] [23] [24] The distribution models considered in this study are the Rayleigh, K, Weibull, log-normal, and Rayleigh-mixture distributions. We chose these because ͑1͒ they are commonly used in underwater acoustics, ͑2͒ they have been observed in previous studies of volume and boundary backscatter and reverberation, and ͑3͒ some have been analytically related to the physical scattering mechanisms which produce them. Although a number of probability distribution models have been developed for specific boundary or volume reverberation conditions, 1, 3, 10, 25, 26 our objective is to determine whether there is a common model flexible enough to describe both boundary and volume backscatter arising from nonhomogeneous, or patchy scatterer distributions that are typical in shallow water.
We begin in Sec. II with a description of the PDF models used in this study. Section III describes the TVSS signal processing methods and the data preparation steps. The results are described in Sec. IV, and we assess in Sec. V the physical mechanisms influencing these results and their implications for target detection.
II. PROBABILITY DISTRIBUTION MODELS
Each of the distribution functions discussed here may be represented as a function of one or several parameters that FIG. 1. Depiction of the TVSS deployment of 9 November 1994. Although each of the three parallel runs consisted of over 800 pings, the data presented in this paper are processed from only 100 pings in each of the three runs. The environmental conditions are summarized in the text, and more complete descriptions and analyses are presented in Refs. 12-14. must be estimated from the observed amplitude data, A ϭ͕A 1 A 2¯A N ͖, whose samples are assumed to be independent and identically distributed. For parameter estimation, we use maximum likelihood estimation and the method of moments as described and implemented by Abraham. 27 We start with the Rayleigh PDF for acoustic reverberation of amplitude Aу0:
and its cumulative distribution function ͑CDF͒
where R ϭ͗A 2 ͘, with ͗ ͘ representing the expected value. It describes reverberation whose in-phase and quadrature components are normally distributed with zero mean, and results from enough scatterers in the sonar's resolution cell for the central limit theorem to hold. 16 The Rayleigh distribution has been observed for high frequency backscatter and reverberation from the seafloor, 7 sea surface, 28 and volume, 10, 29 and is a limiting case of the Ricean distribution in which scattering is primarily incoherent. 30 Stanton 30 has related the Rayleigh PDF of seafloor acoustic backscatter amplitude to the rms roughness and correlation area of the bottom.
The K distribution may be represented as the product of a rapidly fluctuating, Rayleigh-distributed random variable, and a slowly varying, chi-distributed variable. [31] [32] [33] Its PDF is
and its CDF is
with Aу0. K Ϫ1 is the Ϫ1 order modified Bessel function and ⌫( ) is the gamma function. When the scale 1/ͱ is applied to A, the Rayleigh distribution with power ␣ is obtained, in the limit as tends to infinity, from the K distribution. 27 The K distribution has been used to describe radar sea surface clutter because it has a direct physical interpretation: the Rayleigh component, with relatively short correlation widths, results from the many scattering contributions within the resolution cell that arise from small scale facets on the sea surface, whereas the chi-distributed component, with relatively long correlation widths, arises from the larger scale, mean sea surface tilt ͑e.g., swell͒. The K distribution also has been used to describe signal envelope fluctuations in wireless channels 34 and seafloor acoustic backscatter in sidescan sonar images. 8, 22 The Weibull distribution also is related to the Rayleigh distribution and has been used to describe seafloor backscatter amplitude distributions. 7 The two-parameter Weibull PDF is
for Aу0, with its CDF given by
where it can be seen that the Rayleigh distribution results when ␤ϭ2 and ␣ϭ1/ R . Whereas the K and Weibull distributions may be related to physical scattering mechanisms through their relationships with the Rayleigh distribution, the log-normal distribution has yet to reveal such analytical connections. Nevertheless, the log-normal distribution has been observed in studies of underwater acoustic backscatter and propagation, 23, 35, 36 radar clutter from the sea surface, 37 and signal envelope fluctuations in wireless channels. 34, 38 The two-parameter lognormal PDF is 
͑9͒
for AϾ0. It has the property that ln(A) is normally distributed with mean ␤ and variance ␣ 2 . The log-normal CDF is
is the CDF of a standard normal random variable u. Another property of the log-normal distribution is that if A is lognormally distributed, so is A 2 ; i.e., if the echo amplitude PDF has the form of Eq. ͑9͒, so will the PDF of the echo intensity. 39 In typical shallow water environments, acoustic backscatter and reverberation result from several independent scattering mechanisms, such as bubbles, bioacoustic scatterers, and boundary roughness, and each of these may be characterized by different spatial scales. For high resolution, narrow beam sonars used in bioacoustic studies, multibeam bathymetric surveys, studies of near surface physical processes, and mine-countermeasures, the echo from a given resolution cell typically, though not necessarily, contains only one type of scatterer. Therefore, it is reasonable to consider that reverberation in such a scenario might be represented by a mixture of m Rayleigh random variables, each with a component probability i and power R,i . The resulting Rayleigh mixture PDF is
is required to ensure a valid CDF. Although the component densities in a mixture distribution need not be Rayleigh, or even members of the same parametric family, 40 Rayleigh-mixture distributions have been fit successfully to seafloor acoustic backscatter. 7, 24, 27 Because mixture distributions have yet to be evaluated for reverberation from both boundaries and the volume, we shall test them below with data collected by the TVSS. We begin by describing the TVSS, the data, and aspects of the acoustic geometry that help in understanding the results.
III. TVSS DATA

A. TVSS data collection
The TVSS includes separate cylindrical projector and hydrophone arrays, with the same 0.53 m diameter, mounted coaxially on a cylindrical tow body. The projector array has 32 elements equally spaced 11.25°apart around the cylinder and designed to produce a ''toroidal'' beam pattern that is meant to be omni-directional in the plane perpendicular to the cylinder's axis ͑usually across-track͒ and 3.7°wide at Ϫ3 dB in any plane containing the cylinder's axis ͑usually along-track͒. The hydrophone array consists of 120 elements equally spaced every 3°around the cylinder. In the work presented here, split aperture beamforming of the hydrophone array yielded 120 receive beams, each 4.95°wide at Ϫ3 dB and spaced 3°apart to cover the full 360°around the array in the plane perpendicular to the array's axis. Details of the data processing are available in Refs. 12 
B. TVSS acoustic geometry
The statistical results are best interpreted with an understanding of the TVSS acoustic geometry, which may be obtained from Figs. 1-3. Figure 3 depicts a vertical slice of volume scattering strength (S V ) perpendicular to the towfish axis, formed by displaying the acoustic data in each of the 120 TVSS receive beams in a single ping around the TVSS in coordinates of depth vs horizontal range. In this representation, echoes from the sea surface and seafloor appear as the high backscatter, horizontal features above and below the towfish. Scattering from resonant microbubbles in the towship's wake and from bubble clouds formed by breaking ship waves are responsible for the high backscattering strength features near the sea surface. The circular features result from boundary reflections received in the sidelobes of beams directed away from the boundary.
The angular sample spacing in this figure is the spacing between maximum response axes of adjacent beams: s ϭ3°. The quadrature sampling time increment of s ϭ160 s results in a 12 cm slant range sample spacing assuming a sound speed in seawater cϭ1500 m/s. With the TVSS pulse length p ϭ200 s, the bandwidth is W ϭ0.88/ p ϭ4.4 kHz, which yields a range resolution ⌬R ϭc/2Wϭ17 cm.
The volumetric resolution in each ping is determined by the spatial dimensions of the volume ensonified by the TVSS transmit pulse within each receive beam. We approximated the ensonified volumes (V) in Table I as the ellipsoidal shell formed from the intersection of the transmitted pulse bound by the transmit beam pattern, and the receive beam. Thus, the dimensions of V increase with slant range from the TVSS, and ensonified volumes at equal ranges from the TVSS in adjacent beams overlap by 39.4%. The towfish's speed, V TVSS ϭ4.1 m/s, and the relatively narrow fore-aft transmit beamwidth resulted in overlap between ensonified volumes in the same beam angle for consecutive pings, which increased with range beyond 62 m.
On the boundaries, resolution is defined by the area ͑A͒ ensonified by the transmitted pulse within each receive beam. The area is approximated by an ellipse near normal incidence, and by an annulus sector away from normal incidence. Thus, the maximum ensonified areas on the boundaries are at the towfish's zenith and nadir ͑Table I͒, where the horizontal resolution is poorest. Expressions for these and other characteristics of the TVSS acoustic geometry are given in Refs. 12-14.
C. Data partitioning and description
Applying sidescan imaging techniques to the TVSS data collected over multiple pings, we constructed seafloor, sea surface, and horizontal and vertical volume backscattering strength images, which are analyzed in Refs. 12-14. Four of these images are shown in Fig. 2 with their along-track averages. Whereas the seafloor image appears fairly homogeneous away from the track centerline ͓Fig. 2͑a͔͒, the sea surface and volume images exhibit significant spatial variability due to bubbles and bubble clouds ͓Figs. 2͑b͒ and ͑c͔͒ and aggregations of volume scatterers ͓Fig. 2͑d͔͒.
The acoustic backscatter amplitude data corresponding to these and other images were then partitioned into data sets which encompassed the analysis regions defined in Table I . The locations of the centers of these regions are indicated in Fig. 3 . For 14 of the 15 analysis regions in Table I , three separate runs of 100 pings were used, and for one region FIG. 3 . Center locations of the analysis regions used in this study for a single TVSS ping. The data sets for each region consisted of 100 pings and spanned the horizontal and vertical dimensions listed in Table I . ͑NS1͒, two runs of 100 pings were used. Thus, the partitioning formed a total of 44 data sets.
Ideally, we would analyze the data collected in each grazing angle/depth/across-track distance location separately. However, this would have resulted in less than 100 samples per analysis region, and the PDF models and parameter estimation methods used here require much larger sample sizes to perform well. 27 Therefore, we grouped data into the regions defined in Table I . To ensure that the data did not vary significantly over the range of grazing angles within each region, they were tested for homogeneity across both grazing angles and pings, as discussed below.
The partitioned data corresponding to the seafloor analysis regions span three different grazing angle regimes: normal and near normal incidence ͑SF1͒, moderate to high grazing angles ͑SF2͒, and moderate to low grazing angles ͑SF3͒. Bathymetry constructed from the TVSS backscatter data revealed a relatively flat bottom, with a 3 m/km south west slope, and an average depth of 198 m. Seafloor acoustic backscattering strength imagery indicated a homogeneous spatial distribution of sediments, and the angular dependence function estimated from the acoustic backscattering strength is consistent with the silt-sand mixture of sediments previously surveyed in the region ͓e.g., Fig. 2͑a͔͒ . 12 The sea surface analysis regions were influenced only slightly by sea surface roughness produced by the ambient 3 m/s winds. Because of the vertical extent of the transmitted acoustic pulse intersecting the sea surface, the sea surface data were more strongly influenced by clouds of resonant mircobubbles which were characterized by different spatial dimensions and scattering characteristics that depended upon their generating mechanisms. These included ͑1͒ very dense bubble clouds generated primarily by propeller cavitation within the towship's wake ͑SS1͒, ͑2͒ large-scale ͓O(10 2 ) to O(10 3 ) m 2 ] bubble clouds generated by breaking ship waves ͑SS2͒, and ͑3͒ sparsely distributed, small scale ͓O͑1͒ to O͑10͒ m 2 ͔ bubble clouds generated by the ambient sea ͑SS3͒ ͓e.g., Fig. 2͑b͔͒ . The SS3 region also was influenced strongly by bottom reverberation received in the sidelobes after the first bottom echo arrival. Although we did not have in-situ bubble size and density data, we used the resonant bubble approximation to estimate the densities of bubbles in the analysis regions from the surface and near-surface acoustic backscattering strength data in Ref. 13 .
The near-surface volume regions were influenced by the same processes that influenced the sea surface backscatter. TABLE I. Analysis regions for the TVSS data set. Negative across-track distances are left of the towfish's track. Grazing angles in regions VL1 and VL2 are defined with respect to the vertical along-track plane 47 m to the left of the towfish's track. Grazing angles in regions NS1-NS5 are defined with respect to the horizontal plane at 3 m depth. Ensonified areas ͑boundary regions SF, SS͒ and ensonified volumes ͑volume regions NS, VL͒ are listed in the last column. Clouds of resonant microbubbles in the towship's wake contributed to the backscatter in both the NS1 and NS2 regions, but these clouds were denser in NS1 than in NS2 because the wake in NS2 was about 20 minutes old, whereas the wake in NS1 was only 3 minutes old ͓Fig. 2͑c͔͒. In the same acrosstrack location as the SS2 region, the NS3 region at 3 m depth was also affected by large scale bubble clouds generated by breaking towship waves. Similarly, the NS4 region was in the same across-track location as the SS3 region, and was also influenced by bottom reverberation and smaller scale bubble clouds generated by the ambient sea. The NS5 region was influenced by both near-surface bubbles and multiple boundary reflections occurring after the first bottom-surface multiple arrival. The NS1, NS3, NS4, and NS5 regions were influenced somewhat by surface roughness, due to the vertical extent of the ensonified volume. Three of the volume regions were influenced by aggregations of zooplankton whose density generally decreased with depth from the base of the mixed layer ͑VL1͒, through the upper ͑VL2͒ and lower thermocline ͑VL3͒ ͓e.g., Fig.  2͑d͔͒ . 14 The VL4 region near the bottom was influenced slightly by a sparse distribution of small fish, but more strongly by surface reverberation received in the sidelobes after the first surface echo arrival. As with the near-surface data, we lacked the in-situ data to characterize absolute densities and sizes of organisms in the volume, so we have inferred the relative densities from the corresponding volume acoustic backscattering strength data in Ref. 14. Although several dense fish schools were observed near the bottom, the backscatter data in these regions could not pass statistical independence tests, so they were not included in the analysis.
D. Data preparation
After grouping the TVSS acoustic backscatter amplitude data according to the analysis regions in Table I , data contaminated by noise spikes were removed. Because statistical analyses require independent and identically distributed data, the amplitudes were decimated by taking only those samples separated by at least a correlation width across grazing angles and pings. The correlation widths were estimated as the horizontal or vertical lags corresponding to the first null of the normalized spatial autocovariance. In cases where the autocovariance dropped sharply to a low value ͑Ͻ0.1͒, and then fell gradually to zero, we used the distance for which it decreased to 0.1.
As we are interested in reverberation fluctuations, we removed nonstationarities resulting from backscatter angular dependence and angular variations in the TVSS transmit and receive beam patterns by grouping the amplitude data in each analysis region into bins 1°wide according to grazing angle and angle with respect to the TVSS, and then normalizing by the mean in each group. The normalized data were then regrouped into each analysis region ͑Table I͒, and inspected to ensure that all nonstationarities due to beam pattern variations and grazing angle dependence were adequately removed.
To ensure that the samples in each analysis region were statistically independent and identically distributed across pings and grazing angles, we performed the one sample runs test 43 for randomness and the Mann-Whitney U test for homogeneity: 44 ͑1͒ to the normalized samples in each grazing angle across pings, and ͑2͒ to the normalized samples in each ping across grazing angles. Most of the data in the seafloor ͑SF͒ and volume ͑VL͒ regions passed the tests at the 95% confidence level, but 20%-50% of the sea surface ͑SS͒ and near-surface ͑NS͒ data failed the tests. In studies of data collected on fixed platforms, the approach is to simply remove data which do not pass the tests at the specified confidence level. 21 Doing so in our study was not possible because the TVSS data were collected from a moving platform. Therefore, for each analysis region, we selected only those samples within the largest contiguous regions ͑across pings and grazing angles͒ which passed both tests at the 95% confidence level. We verified that the retained samples included contributions from the various backscattering and reverberation features in Table I by analyzing backscattering strength images formed from these data ͑e.g., Fig. 2͒ .
IV. RESULTS
A. Backscattering strength, amplitude and intensity statistics
The data in each of the analysis regions depicted in Fig.  3 were first characterized by averaging statistical estimates of the corresponding backscattering strength (S B,S,V ), amplitude ͑A͒, and intensity (A 2 ) over the three TVSS runs ͑Table II͒. Expressions for the mean ( A ), variance ( A 2 ), skewness (␥ 3,A ), and kurtosis (␥ 4,A ) are given in the Appendix. The scintillation index, which is the variance of the intensity fluctuation scaled by the square of the mean intensity, was computed as
͑15͒
We include this quantity because it generally indicates the extent to which the data depart from a Rayleigh distribution, as Rayleigh-distributed amplitudes result in a scintillation index of one. Table II shows that the scintillation indices for the seafloor regions are the closest to one, suggesting that they depart the least from Rayleigh distributions. In addition, the amplitude variance, skewness, and kurtosis values are lower for the seafloor regions. Mean backscattering strengths decrease away from the nadir region ͑SF1͒ ͓e.g., Fig. 2͑a͔͒ , which is consistent with composite roughness model predictions for the silt-sand sediment type in the region and expected for rough-surface models of relatively smooth seafloors. 12 The region at nadir also exhibits the highest variance, skewness, and kurtosis of the three seafloor regions.
Statistics for the sea surface regions differ significantly from those for the seafloor regions. The region at zenith ͑SS1͒ has the highest mean backscattering strengths of all regions, but these are attenuated approximately 22 dB below model predictions by resonant microbubbles in the towship's wake ͓e.g., Figs. 2͑b͒ and ͑f͔͒. 13 Backscattering strength decreases with grazing angle, but scintillation indices, skewness, and kurtosis increase with decreasing grazing angle. This trend is opposite that of the bubble densities inferred from backscattering strength imagery ͓Fig. 2͑b͔͒, 13 as the highest densities occurr near the towfish zenith ͑SS1͒, lower densities occurr in the regions influenced by large scale bubble clouds produced by breaking ship waves ͑SS2͒, and the lowest bubble densities are observed farther across track ͑SS3͒ where the near-surface bubble population consists primarily of bubbles generated by small scale breaking of the ambient sea waves.
Statistics for three of the near-surface regions ͑NS2-NS4͒ exhibit a grazing angle dependence similar to that of the sea surface regions ͑SS1-SS3͒, with mean backscattering strength decreasing, and skewness, kurtosis, and scintillation index increasing away from the towfish's zenith. For the NS1 and NS5 regions, backscattering strength increases with decreasing grazing angle as a result of the bottom-surface multiple echo. For the NS1 region, backscattering from microbubbles in the decaying towship's wake ͓Figs. 1 and 2͑b͔͒ also increases the mean volume backscattering strength above that for the higher grazing angle region ͑NS4͒. Although the NS1 and NS5 regions are at similar across-track locations and have the largest ensonified volumes of all the analysis regions ͑Table I͒, their statistics are dramatically different. The skewness, kurtosis, and the scintillation index values for the NS5 region are among the highest values of all the analysis regions, and result from sparsely distributed bubbles generated by small scale breaking of ambient sea waves. The corresponding values for the NS1 region are significantly lower, and are the result of scattering from the denser distribution of bubbles in the towship's wake from the previous run.
The statistics for the volume regions are similar to those for the near-surface and sea surface regions in that they are mostly influenced by the density of scatterers. For the VL1-VL3 regions, mean backscattering strength decreases, and skewness, kurtosis, and scintillation index increase with depth, resulting from the decrease in zooplankton density with depth ͓e.g., Fig. 2͑d͔͒ . Statistics for the VL4 region depart from this trend, and this may be related to the influence of surface reverberation after the first surface echo.
Before fitting the various PDF models to the TVSS data, we evaluated their potential suitability for describing backscatter fluctuations by comparing plots of the skewness and kurtosis descriptors (␤ 1 ,␤ 2 ) of the normalized backscatter amplitude data with the possible values for each PDF family ͑Fig. 4͒, where ␤ 1 ϭ␥ 3,A 2 , and ␤ 2 ϭ␥ 4,A ϩ3. The Appendix describes the basis for this figure, which is taken from Abraham, 27 and Johnson et al. 45 Although matching skewness and kurtosis does not imply that distributions are identical or even a good approximation to one another, estimates of ␤ 1 and ␤ 2 from data can provide an indication of which PDF families are appropriate to consider. Except for the lognormal distribution, all PDF models appear suitable for describing the seafloor backscatter data, which is closer to being Rayleigh distributed than the amplitude data in the other regions. Skewness and kurtosis descriptors estimated from the sea surface, near-surface, and volume backscatter amplitude data are spread among all the PDF models, but only the Rayleigh mixture model is flexible enough to encompass all the measurements.
B. Probability distribution functions
Rayleigh, K, Weibull, log-normal, and Rayleigh mixture distributions were fit to the empirical distribution functions corresponding to the backscatter amplitude data in each run and TVSS analysis region. Figures 5-8 show results of representative runs for the seafloor, sea surface, near-surface, and volume displayed as probabilities of false alarm (PFA ϭ1-CDF). PFA is the probability that the amplitude will be higher than or equal to a given value, and we use it to display the results because it illustrates best the non-Rayleigh nature of the data, which is mostly seen in the tails of the distributions. Although backscatter amplitude is displayed in decibels on the abscissa of each plot, the distribution fits were obtained from the data in linear units.
We assessed the goodness of fit between the model distributions and the empirical distributions derived from the TVSS data with the nonparametric Kolmogorov-Smirnoff test statistic, defined as the maximum absolute difference between the theoretical CDF ͓ P(A)͔ and that formed from the N data samples:
When the empirical data ͓F N (A)͔ are drawn from a population in which the random variable A has a continuous distribution function P(A), the limiting distribution of D ks derived by Kolmogorov is 46 lim
where, for hϾ0,
The KS value pϭ(1ϪQ(h)) represents the probability from 0 to 1 of observing a more extreme value of D ks under the null hypothesis that the data are distributed according to P(A). The closer p is to one, the more likely that the observed data follow the model CDF. Although this test is widely used to fit theoretical CDFs to empirical data, 7, 27 Eq. ͑18͒ is not strictly valid when parameters for the theoretical distribution are estimated from the empirical data. 46 Therefore, we assessed also the relative goodness of fit for the different PDF models by computing the root mean square difference between the model and the empirical distribution functions
͑19͒
and averaged values over the three TVSS runs for each region ͑Table IV͒. In addition, rms differences were computed and averaged only for the samples in the distributions for which the PFA was less than 10 Ϫ2 ͑Table V͒ in order to evaluate how well the model CDFs fit the TVSS data in the tails of the distributions. This ''tail rms difference'' was calculated because relatively high kurtosis values in the nearsurface and surface data suggested that large tails would be present in the distributions of these data ͑Table II͒.
Among all analysis regions and PDF model types, the seafloor amplitude data has the lowest rms differences and best statistical fits ͑KS p values͒. All ranges of grazing angles ͑SF1-SF3͒ are non-Rayleigh, but the moderate grazing angle region ͑SF2͒ is relatively close to Rayleigh ͑Fig. 5͒. However, K, Weibull, and Rayleigh mixture distributions provide good fits to the distributions ͑Tables III and IV͒ and the tails ͑Table V͒. The Rayleigh mixture distributions show the best overall performance. In addition, rms differences and KS p values indicate that no significant advantage is gained by using more than three-components in the Rayleigh mixture. These results are generally consistent with those in Lyons and Abraham 7 for backscatter amplitude data from mud bottom types in the 40°-60°and 60°-80°grazing angle regimes. The KS p values in Table III are slightly lower than theirs, probably because of spatial variations in the bottom. Such variations were not present in their data because they were collected from fixed platforms.
Backscatter amplitude fluctuations from the sea surface ͑Fig. 6͒ are more non-Rayleigh than those from the seafloor, and depend mostly upon grazing angle and the density of bubbles relative to the vertical extents of the ensonified volumes adjacent to the sea surface. For the zenith region ͑SS1͒, where very high densities of bubbles in the towship's wake attenuated the acoustic backscatter, only the Rayleigh mix- Table I . The Rayleigh distribution is represented by a point, whereas the K, Weibull, and log-normal distributions are represented by lines. The two-component Rayleigh mixture model is represented by the shaded region. The basis for this figure is presented in the Appendix.
ture models provide statistically good fits to the observed data. Outside the wake, where bubble densities resulting from breaking waves generated by the towship were significantly lower than at zenith, KS p values are lower and rms differences are higher, with Rayleigh mixture models again showing superior overall performance.
Backscatter amplitude distributions in the lowest grazing angle region ͓SS3, Fig. 6͑c͔͒ appear to be multimodal ͑cf. Ref. 40 , Fig. 4 .1.4͒. Analysis of Fig. 3 and the sea surface backscattering strength imagery corresponding to these data ͓e.g., Fig. 2͑b͔͒ indicates that the centers of the distributions for the SS3 regions are dominated by bottom reverberation, and the tails are dominated by randomly distributed bubbles within a meter of the sea surface. The log-normal model provides the best overall fits to the data in the SS3 regions ͑Tables III and IV͒ in terms of the KS p value and rms difference which emphasize samples near the center of the distribution. As indicated by Fig. 6͑c͒ and the rms differences for PFA values less than 10 Ϫ2 ͑Table V͒, the Rayleigh mixture models provide the best fits to the tails in the SS3 regions.
Similar to the SS3 region, most of the near-surface data are best described by the log-normal model ͑Table III͒, but the Rayleigh mixture models provide the best fits to the tails ͑Fig. 7; Table V͒. Results for the NS1 and NS3 regions are split, with the Rayleigh mixture and log-normal models both providing the best fits for different data runs ͑Table III͒. Overall, the model-data fits are statistically poor, and characterized by the highest rms differences and lowest KS p values of all the analysis regions ͑Tables III and IV͒. Sidelobe returns from the bottom-surface multiple occur in the NS1 and NS5 regions, and sidelobe returns from the bottom echo are evident in the NS4 region. The outer edges of the NS1 region also are influenced by sidelobe returns from the first surface echo at the towfish's zenith, and the NS3 region is influenced by sidelobe returns from the first surface echo. The best fits for the log-normal distribution are in the regions where the boundary reverberation is the strongest ͑i.e., NS2, after the first surface echo; and NS4, after the first bottom echo͒. Analysis of backscattering strength imagery 13 indicated that the dominant mechanisms contributing to the tails of the near-surface distributions are scattering from resonant microbubbles and bubble clouds, with bubble density controlling the tail shape. When the bubbles are sparsely distributed, such as those generated by the breaking ambient sea waves, the tail is well-separated from the distribution center, resulting in what appears to be a multi-modal distribution ͓NS4, Fig. 7͑d͒; NS5, Fig. 7͑c͔͒ . When the bubbles are more densely packed, such as in the towship's wake ͑NS1,2͒ and in the region affected by large scale bubble clouds generated by ship-waves ͑NS3͒, the distributions appear unimodal, with the largest tails occurring in the regions with the highest bubble densities ͓NS2, Fig. 7͑b͔͒ . As with the sea surface results, little or no improvement in fitting the tails of the distributions occurred when we increased the number of components in the Rayleigh mixture above 3, and 2 components were sufficient in most cases.
Results for the volume backscatter amplitude data ͑Fig. 8͒ are generally similar to those for the near-surface data: they are best fit by the log-normal model over the center of the distribution and the Rayleigh mixture distributions in the tails. In addition, the fits are not statistically good, with relatively low KS p values and high rms differences ͑Tables III-V͒. The best fits to the log-normal model are obtained when boundary reverberation is present, i.e., in data for the VL4 region ͓Fig. 8͑d͔͒ that contain sidelobe returns after the first surface echo ͑Fig. 3͒. When boundary reverberation is absent, the shapes and tails of the distributions are affected by the density of the scatterers ͑zooplankton͒. For the highest scatterer densities ͓VL1, Fig. 8͑a͔͒ , the distributions appear to be unimodal with lower tails. As the density of scatterers decreases, the distributions become multimodal, with heavier tails ͓VL2, Fig. 8͑b͒; VL3, Fig. 8͑c͔͒ . These observations are somewhat consistent with those for the surface and nearsurface regions, in that a sparse, nonhomogeneous spatial distribution of scatterers ͑bubbles͒ results in distributions with more complex ͑multimodal͒ shapes ͓cf. SS3, Fig. 6͑c͒;  NS4, Fig. 7͑d͔͒. 
V. DISCUSSION
A. Nonstationarity of shallow water reverberation fluctuations
Before offering physical arguments for the observed results, we address the fact that none of the regions could be considered stationary across all pings and grazing angles. The primary factors contributing to the observed nonstationarities are the towfish's motion through the generally nonhomogeneous spatial distribution of scatterers in each region, and boundary reverberation received in the sidelobes. This is evident in Table VI , which lists the samples sizes and percent of data in each analysis region that were validated across pings and grazing angles as stationary and homogeneous. The lowest percentages occur in regions where multiple reverberation components with widely varying characteristics are present. For example, the NS1 region has the smallest percentage of contiguous samples satisfying stationarity and is influenced by microbubbles within the decaying ship's wake, bubbles associated with breaking waves in the ambient sea, and multiple boundary reflections received in the sidelobes. Similarly, the NS3 region has a small percentage of contiguous samples satisfying stationarity, and it is influenced by large and small scale bubble clouds, sea surface backscatter, and sea surface reverberation in the sidelobes. On the other hand, the VL1 region has the largest percentage of contiguous samples satisfying stationarity, and it is influenced almost entirely by scattering from zooplankton.
Although the TVSS data set is unique in that it contains a wide variety of backscatter and reverberation processes received in narrow beams simultaneously, it is consistent with data in other studies which have observed that shallow water 
3.00ϫ10
Ϫ8 acoustic reverberation fluctuations received by moving and fixed platforms are often nonstationary. 6, 23 Consequently, our results regarding probability distribution functions pertain to locally stationary reverberation fluctuations embedded in larger scale, nonstationary processes.
B. Suitability of Rayleigh mixture distributions
The Rayleigh mixture distributions provide the best fits to the observed data in most of the boundary regions ͑SF1-3, SS1-2͒, and some of the near-surface regions ͑NS1,3͒. Thus, the Rayleigh mixture model adequately handles patchy, nonhomogeneously ͑non-Poisson͒ distributed scatterers. For example, the seafloor in the area of the TVSS experiment has a bimodal sediment composition of sand and silt, 12 making the mixture of two Rayleigh random variables, hence a twocomponent Rayleigh mixture distribution a logical model for the observed backscatter amplitude distributions. Three, five, and seven component Rayleigh mixtures sometimes provided better fits probably because bottom roughness and the spatial variability of the bottom across each run introduced additional components.
For the sea surface and near-surface backscatter data in the SS1, SS2, and NS3 regions, bubble clouds with varying spatial scales are the most likely sources for the different components of the Rayleigh mixture distributions that were fit to the observed data. Previous analyses 13 indicate that the bubble densities in the towship's wake ͑SS1͒ and in the bubble clouds generated by breaking ship waves ͑SS2,NS3͒ are relatively high, suggesting that the empirical distribution of backscatter in these regions could be modeled by a mixture of Rayleigh variables, each accounting for the different scales of the bubble clouds and scattering from the sea sur- face. This is supported by backscattering strength images constructed from the data in these regions ͓e.g., Fig. 2͑b͔͒ which reveal a patchy distribution of bubble clouds with varying length scales along and across track. 13 Although the Rayleigh mixture models do not fit the observed near-surface and volume backscatter data well, they are effective in fitting the distribution tails for every type of analysis region ͑Table V͒. This is most noticeable for the regions in which bubbles contributed to the tails of the distributions ͓e.g., SS3, Fig. 6͑d͒; NS2, Fig. 7͑b͒ ; NS4͔, indicating that scattering from bubbles and bubble clouds could be described as a mixture of Rayleigh distributed random variables. These figures also suggest that acoustic backscatter and reverberation from these regions is probably best described by a mixture of both Rayleigh and non-Rayleigh random variables, and that the Rayleigh mixture model is flexible enough to describe that portion of the empirical distribution resulting from a mixture of Rayleigh random variables, even if the entire distribution does not fit such a model.
The flexibility of the Rayleigh mixture model comes from its unification of a number of physically based models. On one end, a Rayleigh mixture distribution dominated by a single component can approximate a single Rayleigh distribution, a Weibull distribution with ␤ϭ2, and a K distribution in the limit as tends to infinity when the scale 1/ͱ is applied to the data. 27 A Rayleigh mixture distribution can also approximate the K distribution by quantizing the Rayleigh speckle and chi-distributed components, and equating the latter with the mixture proportions. 7 This explains why the Rayleigh mixture model fits the data well when the Weibull or K distributions do ͑e.g., SF2, Tables III and IV͒. In addition, Lyons and Abraham 7 have related the Rayleigh mixture model to other models based on physical processes, such as Crowther's 1 and McDaniel's 3 for seafloor backscatter.
C. Scattering processes approximated by log-normal distributions
The log-normal distribution provides the best fits to most of the near-surface and volume backscatter data, but the fits are only good in the centers of the distributions where boundary reverberation in the sidelobes ͑NS1,2,4,5; VL4͒ or scattering from patchy aggregations of zooplankton ͑VL1,2,3͒ dominated the acoustic backscatter. Here, we offer several explanations for these results in terms of approximately log-normal distributions. Approximate results are sufficient because the model-data fits were never statistically good since KS p values were always below 0.85.
First, we consider the near surface and volume data in which boundary reverberation in the sidelobes dominated the distribution centers ͑NS1,2,4,5,VL4͒. Because the amplitude data are validated as stationary, independent, and identically distributed across-grazing angles and pings, we can use the model in ͑1͒ and ͑2͒ to express the corresponding in-phase and quadrature components as
where the generalized variable r is used in place of t to represent the ranges of grazing angle, depth, along-track, or across-track distance in Table I . For the TVSS data, g(r) represents the normalization procedure. Equation ͑20͒ can be rewritten as
where i (r) is the reverberation component in the sum of ͑20͒ made stationary by g(r). If we assume that each i (r) can be expressed in terms of a random proportion of the preceding term iϪ1 (r), then
where the random set ͕ i ͖ is mutually independent and independent of the set ͕ i (r)͖. This assumption is reasonable if the scattered amplitudes a i and stochastic parameters i are random, as assumed in ͑1͒ and ͑20͒. Rearranging ͑22͒, we have
Now, supposing the difference between successive reverberation components i (r) is small, which, from ͑24͒, becomes ln͑ n ͑ r ͒͒ϭln͑ 1 ͑ r ͒͒ϩ 1 ϩ¯ϩ n . ͑26͒
For large n, the central limit theorem implies that ln( n (r)) is normally distributed, so n (r) is log-normally distributed by the properties of the log-normal distribution discussed in Sec. II. If the minimum number for which ͑26͒ converges to log-normal is much less than the total number of scatterers ͑n͒, then V I,Q (r) in Eq. ͑20͒ will be approximately log-normal because the sum of log-normal variables is approximately log-normal. 38 By the same virtue, the TVSS amplitude data that are related to the in-phase and quadrature components by
are approximately log-normal because a log-normal variable raised to a power is also log-normally distributed. 39 From this development one might wonder why Eq. ͑26͒ converges to a normal distribution, but not Eq. ͑20͒. The central limit theorem may be invoked for Eq. ͑20͒ when n is large, but the value of n for which Eq. ͑20͒ converges to a normal distribution will be smaller if the variables i (t) are from the same underlying distributions. This can be expected when the total scattered signal arises from numerous scatterers of the same type. The value of n for which Eq. ͑20͒ converges to a normal distribution will be larger when each i (r) arises from a different underlying distribution, especially those which are highly skewed or have large tails. 44, 47 This is likely to occur for volume backscatter received by a moving platform and dominated by boundary sidelobe returns, because each sidelobe is directed towards a different grazing angle with respect to the boundary ͑see Ref. 41 for the receive beam patterns of the TVSS͒. The total reverberation will be the sum of the components arriving in each sidelobe, where each component follows a different parent distribution. Thus, a log-normal distribution may approximate the observed data better than a normal distribution when the underlying distributions for the proportions i are less skewed, with smaller tails, than those for i (r).
Perhaps the log-normal model best fits the volume backscatter data in and above the thermocline ͑VL1,2,3͒ because several biological and physical factors affecting the distribution of zooplankton are log-normally distributed. In observations made by Dugan et al., 48 the distribution of horizontal temperature fluctuations in the seasonal thermocline followed a log-normal distribution on scales from 10 cm to 1 km, whereas Campell's 49 analysis showed that a variety of factors related to phytoplankton, such as chlorophyll concentration and cell size, are log-normally distributed. The spatial distribution of zooplankton in the northeastern Gulf of Mexico can be related to both of these. Zooplankton have been shown to be concentrated near the mixed layer depth, which is influenced by both weather and mixing processes, and also near the depth of the primary productivity maximum, which is related to phytoplankton, hence chlorophyll, distribution.
14 Because these factors influence the number n of scatterers in ͑20͒, they directly influence the empirical distributions of the backscatter amplitude fluctuations.
It is interesting to note that the log-normal distribution has been used to describe a wide variety of physical phenomena which may be indirectly related to volume acoustic backscatter fluctuations. In theoretical biology, for example, species abundance has been successfully described by the log-normal model, and organism growth was the first application that used the development in Eqs. ͑20͒-͑26͒, which is known as the law of proportional effect. 50 The TVSS volume backscatter fluctuations are influenced by the size and species abundance distribution of sound scattering zooplankton through their backscattering cross sections, which are represented by the a i terms in ͑20͒. Although backscattering strength imagery indicated that the spatial distribution of zooplankton was nonhomogeneous ͓e.g., Fig. 2͑d͔͒ , we did not collect net tow or trawl samples to verify whether the approximately log-normal distributions of the volume backscatter fluctuations were related to log-normal size or species abundance distributions of volume scatterers. Nevertheless, such observations are not likely to be purely coincidental, and deserve further investigation, in view of other studies in which high frequency volume acoustic backscatter from biological sound scatterers was approximately lognormal. 29, 36, 51 A final observation for approximately log-normal acoustic backscatter and reverberation distributions is that a lognormal distribution can be expressed as a mixture of several physically relevant distributions. Although we do not think this is the reason for our observations, this might explain others' ͑e.g., Refs. 35 and 23͒. For example, Titterington et al. 40 show an example in which two Gaussian distributions are used to approximate a two-parameter log-normal distribution. 40 Thus, two Ricean distributed scattering processes, each dominated by a coherent scattering component, might yield a distribution which is approximately lognormal. Similarly, the log-normal distribution may be closely approximated by the gamma distribution, 52 which has been directly related to a variety of scattering processes by Middleton. 53 This is appropriate for shallow water reverberation, which typically includes multiple components from the boundaries and volume. These considerations are consistent with our previous conclusions that mixture distributions with component densities from different parametric families may better describe fluctuations of acoustic backscatter and reverberation in shallow water.
D. Implications for target detection
This study has several implications for undersea target detection. The non-Rayleigh nature of envelope fluctuations that arise from nonhomogeneous spatial distributions of scatterers is seen in large tails and/or multimodality in the distributions. For a predetermined probability of false alarm ͑PFA͒, this implies that threshold detectors which assume Rayleigh-distributed envelope fluctuations will experience significantly higher false alarm rates. However, even with the appropriate PDF model for envelope fluctuations due to the environment, target detection is difficult for data within the tails of the distributions. For these data, combining statistical techniques with analyses of multibeam imagery, as we have done here, may be a more effective method for discriminating between targets and noise.
VI. SUMMARY AND CONCLUSIONS
In this study, we have analyzed the fluctuations of seafloor, sea surface, and volume acoustic backscatter data simultaneously collected by the Toroidal Volume Search Sonar ͑TVSS͒ while it was towed in a shallow water region in the northeastern Gulf of Mexico. The 68 kHz acoustic backscatter data were grouped according to 15 analysis regions in which scattering contributions from the volume and/or boundaries were present. After normalizing for backscatter variations due to grazing angle dependence and nonuniformity in the TVSS's beam patterns, the data were validated as independent and identically distributed. Various moments and statistics were estimated for the data in each region, and Rayleigh, K, Weibull, log-normal, and Rayleigh mixture probability distributions were fit to the empirical distribution functions in each region. We used previously published volume and boundary acoustic backscattering strength images constructed from the multibeam data collected by the TVSS to interpret the observed backscatter and reverberation statistics in terms of the spatial distribution of scatterers.
Rayleigh mixture models provided the best fits to the backscatter data collected from both boundaries, and in most cases, three-component mixtures adequately described the observed data. For the near-surface and volume regions, none of the models considered yielded statistically good fits. The Rayleigh mixture distributions provided the best fits to the larger tails in the data for these regions, which were mostly due to sparse distributions of bubbles near the surface or zooplankton in the mixed layer and thermocline. The lognormal distribution best fit the centers of the distributions for the near-surface and volume regions, particularly when single and multiple boundary interactions were received in the sidelobes. Together, these observations suggest that mixture distributions with component densities from different parametric families might better describe the multiplecomponent reverberation that is typical of most shallow water environments.
With mixture distributions, it is difficult to determine the number of components required to represent the data, or what PDF families are appropriate, particularly since several different mixtures can be used to approximate the same distribution. This guess work can be reduced by identifying candidate mixture components based on the spatial distribution of scattering features observed in coincident acoustic backscatter imagery.
The results were displayed as probabilities of false alarm ͑PFAs͒ in order to emphasize the larger tails of the nonRayleigh backscatter statistics. The tails corresponding to data in the near-surface, sea-surface, and volume were much larger than those for the seafloor. Large tails resulted mostly from nonhomogeneous spatial distributions of bubbles near the sea surface, and zooplankton and small fish at the base of the mixed layer and in the thermocline. Multimodal distributions with extended tails were observed when the data were influenced by both discrete scatterers and multiple boundary interactions received in the sidelobes. The results demonstrate that the dominant environmental sources of noise in shallow water target detection applications are likely to be resonant microbubbles near the surface, aggregations of zooplankton and fish in the mixed layer and upper thermocline, and boundary reverberation throughout the entire water column. 
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APPENDIX: SKEWNESS AND KURTOSIS DESCRIPTORS
Expressions for the skewness and kurtosis descriptors in Fig. 4 
͑A7͒
From these expressions and knowledge of the noncentral moments of the various PDF models, one can obtain the skewness and kurtosis descriptors plotted in Fig. 4 27 is shown in Fig. 4 .
